N
N

N

HAL

open science

Hybrid Knowledge Model to Help End-Users Retreive
Relevant Information

Reena Shetty, Pierre-Michel Riccio, Joél Quinqueton

» To cite this version:

Reena Shetty, Pierre-Michel Riccio, Joél Quinqueton. Hybrid Knowledge Model to Help End-Users
Retreive Relevant Information. TJCAI 2007 workshop - KRAQ: Knowledge and Reasoning for An-

swering Questions, Jan 2007, Hyderabad, India. lirmm-00370424

HAL Id: lirmm-00370424
https://hal-lirmm.ccsd.cnrs.fr /lirmm-00370424
Submitted on 24 Mar 2009

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal-lirmm.ccsd.cnrs.fr/lirmm-00370424
https://hal.archives-ouvertes.fr

Hybrid Knowledge M odedl to Help End-User s Retrieve Relevant Infor mation

Reena T. N. Shetty
PhD Student — ENSMP, Paris,
LGI2P Laboratory, EMA SITE
EERIE, Nimes
reena.shetty@ema.fr

Pierre-Michel Riccio
Assistant Professor,
LGI2P Laboratory, EMA SITE
EERIE, Nimes
pierre-michel.riccio@ema.fr

Joél Quinqueton
Professor LIRMM,
University Montpellier — 11,
Montpellier
jg@lirmm.fr

Abstract

In this short paper, we present the knowledge rep-
resentation model called Extended Semantic Net-
work. The basic idea of this proposal is to imagine
data representation techniques which can reason
beyond the classical techniques in information re-
trieval systems. It is argued that by employing hy-
brid techniques one can address the good recall
with powerful deduction problems. Our objective
here is to achieve semi-supervised knowledge rep-
resentation technique with good accuracy and
minimum human intervention, using the heuristi-
cally developed information processing and inte-
gration methods.

1 Introduction

The recent years have seen data and knowledge peses

gressively converge towards the electronic mediebated

to the ever mounting use of the World Wide Web (WWW
For many people, the World Wide Web has becomesan e

sential means of providing [Katz, 1997] and searghfor
information leading to large amount of data accuatioh.
Searching web in its present form is however aariafing
experience for the fact that the data availableoith super-
fluous and diverse in form. In the past, one han several
propositions supporting Web users find relevarrimfation
to their queries. Most of these retrieval methodsehlim-
ited their abilities to specific tasks.

One of the most commonly used methods in in&tion
retrieval is the document retrieval technique basedkey-
word search. Document retrieval is commonly defiraesd
the matching of stated user query term with thduligmrts
of free text records or reproduction of recordsedé re-
cords could be of any type mainly unstructured,tsuth as
bibliographic records, newspaper records or jusagraphs
in an instruction handbook. User’s queries can migm
vary from multi-sentence full descriptions aboufbimation
needed to a few words. Vast majority of retriewsdtems
currently in use range from simple Boolean systémsys-
tems using statistical or natural language proogstch-
niques.

In such retrieval models, users submit theerigs corre-
sponding to the information they desire to be madail-
able. The existing retrieval systems return voluus sets

of documents as the query result. Thus it is the sEspon-
sibility of the users to find the relevant infornoeat to their
query within the returned result set, consequdntialest-
ing more time in analyzing the output results dwuétg im-
menseness. Moreover, many of the results founddutrio
be extraneous and one can find some of the morertamt
links not being listed in the result set.

The logical deduction for such under performingiatiton
is the facts that, majority of the existing dataowrces in its
present form are designed for human comprehengitien
using these data with machines, it becomes highpracti-
cable to obtain good results without human intetioss at
regular levels. So, one of the major challengesdduy the
consumers of web era is to imagine intelligent soahd
theories in knowledge representation and processoly-
niques which can support and enable efficient aiadyof
data by machines.

2 Objectives

In this section we will give a brief overview on €xtion
Answering (QA) techniques and how our approach lwan
useful in addressing the requirements of the QAr&pies.
We will then in the following sections describe tifferent
modules of our approach in more detail. Then theegx
evaluated results of our model are discussed agskepted
in the result section. This is followed by a comitm and
future perspectives.

One of the most promising researches carrig¢drothis
field is that of Question answering [Moldovan, 2Dp8ature
of information retrieval system. This technique gexly
enables retrieval of answers posed to questionsatoral
language on a given collection of documents. Tobrteue
deals with a wide range of question types rangiomffact,
list, definition, hypothetical, semantically-coratred to
cross-lingual questions. Here, the research calesttar-
geted normally vary from small local collections adcu-
ments to large sets internal documents.

Users here pose questions in natural langufdesr-
hees, 2002] and the system analyses their queryedachs
answers to the queries in the structure of lisslwdrt and
specific answers. This often proves more usefutdse of
specific information needs and also greatly redibesana-
lyzing time. This ability makes it to be regardegdthe next



step beyond classical search engines. The objeotre is
to intelligently query data representations to obthe most
relevant information as answers.

This requires knowledge representation (KR)w&o
2000] models with shrewd data representation. Thesd-
els should necessarily cover vast knowledge basegslys
because the main principle for the QA to work édfintly is
to have access to a good search corpus. Reseakoloit-
edge representation was initially centered on fdismes
that were characteristically tuned to deal withatigkly
smaller knowledge representation techniques butam
trary provide efficient deductions.

In the current scenario, for a modern knowledgeesen-
tation model to be useful in realistic applicatipitsis im-
portant that it handles large data sets and prostdeng
query deductions. The two most important featuteg &
QA looks for in any model is its

« ability to cover vast knowledge bases and

edge values are designated using the results ofmtthe-
matical models applied on the documents.
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Figure 1: Schematic representation of extended stna
network

The idea here is to develop an innovative aggroob-
tained by combination of features from man and rimech

« phrasing redundant data in different ways undeitheory of concept [Sowa, 1984], whose results carob

different contexts.

3 Our Approach

Observing these necessities in QA approach we pepo
novel knowledge representation model called thereded
semantic network. The basic idea of extended semaet-
work is to identify an efficient knowledge repretsion
method to overcome the existing constraints incigffitly
identifying the right information in data retrievaystems.
Here, we try to realize a model that can cover kasivl-
edge bases by equally retaining its high infereceqzabili-
ties.

To realize this goal we put our ideas into practice a
three phase approach. The first phase consistgegsing
large amount of textual information using mathensdti

models to make our proposal scalable. The secomdeph

involves in manually constructing small semantitaoeks

based on our model derived from KL-ONE [Brachmad an

Schmolze, 1985]. The third and the last phase sbrsi
examining carefully and efficiently the various pitslities
of integrating information obtained from our mattaioal
information model with that of the manually devetdp
mind deduction model.

The manual model is constructed by initially idgnton-

cepts representing each domain with the help of alom

experts and then these concepts are retransmittdae tex-
perts with the relational links to be used in intemecting
these concepts based on their relations. Thesg &k pro-
vided with a weight value as an additional paraméthis
value will be considered as the cost of passing thescho-
sen path between concepts. The links used in tnarsic
network are detailed in later sections. This mddehs the
concept network with high precision which will geidis in
organising our recall model obtained from the woetivork

enormous use in the latest knowledge representatiassi-
fication, retrieval, pattern matching and ontoladgvelop-
ment research fields. This paper highlights thehodt we
employ in information processing and integrationvisual-
ising a novel knowledge representation [Quilliarg68]
method to be used in information retrieval techegu

3.1 Proximal Network

The basic theory of proximity is concerned with tiae
rangement or categorisation of entities that retateone
another often believed to favour interactive leagniknowl-
edge creation and innovation. When a number ofiestare
close in proximity a relationship is implied andeitities
are logically positioned; they connect to form eustural
hierarchy. Our proximal network model is built basen
this structural hierarchy, of word proximity in douents.
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This approach is largely employed to enable proogss
large amount of data [Winston et al., 19&7]a considera-
bly small time. Unlike the NLP models our model slo®t
depend on heavy calculations but on contrary usglsi
statistical and clustering logics to obtain theutssequally
efficient but by consuming much lesser time anduese.
Another important aspect of this approach is itditgtto
automatically process the input data into a netwafrkon-
cepts interconnected with mathematically estabtisteda-
tions forming a recall focused approach.

The proximal network model involves three preies
phase, firstly the pre-treatment process whereltloements
related are analyzed in 2 stages and an output asfl w
document matrix is obtained. This matrix is thesszal on
to the intermediate process consisting of the Zqssing
agents and is analyzed by the data mining andecingt
algorithms namely K-means clustering, Principle pom
nent analysis and Word association to obtain apububf
word pair matrix with a value between each word.pEhis
value is the proximity between the word pair in -
jected space depending on their occurrence in ¢inéents
of the documents processed [Mahé et al., 2001].
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Figure 3: An extract of proximal network rep-
resentation for arabidopsis using grapitor

This is further subjected to post-treatment proeessre
partial stemming is carried on the word pair mati®pend-
ing on case based requirement. The output is theneds
into a Mysql database and visualized using the Kbikqhi-
tor, a java application developed by us for visatlbn and
easy editing of networks. In figure 3 we can seesnact
of proximal network representing the project Araimsis
with the weight value relation computed by our pnoi
network between the node arabidopsis seen at titeecef
the graph and all other nodes which are connecgteddans
of a relation to the node arabidopsis.

Currently, we have successfulprocessed around 5423
words computing their actual physical occurrence. Wave
been able to successfully build a proximal netwark
50,000 word pair. The documents processed areamglad
the research activities carried out in the choséel8s but
not limited to

* Arabidopsis thaliana,

e Alteration and reparation of DNA and
« Methodology and speciation
We have constructed different sets of proximetwork
for each of these domains and the documents usedusr
sectioned on the basis of the domain of publicatibime
documents are then later treated for acronyms gmdbals
of the domain in question. This information is adide the
specific nodes as synonyms after the network ispteted.
This data processing method in itself can be inddpe
ently used for processing and representing dateaiious
domains. The small time taken for processing hugeuats
of data makes it an important aspect in the filéchato-
mated ontology construction representing multipbenein
scalable.

3.2 Semantic Network

Technically a semantic network is a node- and ddpeled
directed graph, and it is frequently depicted tway. The
scope of the semantic network is very broad, ahgwée-
mantic categorization [Maedche and Staab, 200H wifde
range of terminology in multiple domains. Major gpings
of semantic types include organisms, anatomicaksires,
biologic function, chemicals, events, physical cbge and
concepts or ideas.

The links between the semantic types providestnuc-
ture for the network and represent important retethips.
Our semantic network is based on the KL-ONE model
[Brachman et al., 1991], with domain being the oceof our
network which is expatiated by the domain compoment
which in turn define concepts using the instana# iaheri-
tance relations.
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Figure 4: An extract of semantic representatiboon-
cepts for arabidopsis using graph editor

We follow the scheme process [Belkin and Croft, 2199
where minimum required information on a domain iig-p
cisely represented using the semantic relationsnetbf
above. The model is built based on the same sdbai-
ments used in proximal network and the 50 most imano
concepts from the data of these documents are ichosth
the help of a domain expert and are then develagedhe
semantic model. Here each relational link used hanhe
compositional, instantiation and inheritance lirskge given
a predefined unit for calculation at a later phagen the
network is put into experimentation. This is a [B&En



model where great emphasis is laid on the semesitaton
the nodes share.

Composition
Inheritance — @
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Figure 5: Relational links used in semantic model

The relational links used here are derived fromuhéL
relational links based on the Minsky model of clasgre-
sentation and the KL-One knowledge representatiodain
The main semantic relations of instantiation arfeeiitance
are retained in our semantic model. The domaiirss de-
fined as composed of seven sub models as showguref
4. These sub models will remain common to all tbmains
treated here. We also retain the feature of meltipheri-
tances in our model on similar argument as in theoke
model.

The value for the above links are so chosen thatyev
node in a semantic network should always hold aeval
equal or greater then 50 as a weight on a scatgngufrom
0 to 100. This is for the simple reason that im BSN
model the semantic network forms the guiding mated
forms the main classes for all the sub classesraled that
are to be added to it from the proximal network.

3.3 Integration of Models

The 2 different resulting models obtained by ourthuds
dilated in the previous sections are combined eyimpdpthe
simple extension methods. We retain our semantiwar&
model as the basic architecture of our knowledgeesen-
tation model. Here the common nodes between thengto
works are identified by our algorithm and this ised to
expand the semantic network model using results fiioe
proximal network model. Here the extension is d&din

strained where the relational flow is possible ofipm a
lower level node to the upper level node. This nhoeins
all redundant data appearing in different forms mvbem-
bining the nodes from proximal network.

We begin with the nodes of the semantic ndtwbhese
nodes in turn guide our algorithms to identify thdéension
nodes from the proximal network. Thus we elabotae
small semantic network into a large word networkhvihe
help of the machine calculated proximal networkisTim
fact helps in making the right information appearmany
forms and consequently correct answers can besfilttrom
false positives by relying on the correct answersppear
more number of times in a document.

This can be very interesting in a QA retrietedhnique
where data redundancy in massive collections ofichants
plays an important role in determining the spedifforma-
tion. We are also verifying other possible methofimerg-
ing the 2 networks. One of the most interestinghoes is
considering proximal network to be a source netwantde
viding roles to the semantic network based on thdaiines
of KL-One model.

4 Resultsand Future Work

The Extended Semantic Network prototype has begal-de
oped in collaboration with the ToxNuc-E project dieal by
CEA (Commissariat a I'Energie Atomique). ToxNuc-E
[Ménager, 2004], is a project devoted to all theeegch
activities carried out for controlling nuclear emrimental
toxicology in the living environment with severasearch
centres like CNRS, INSERM etc involved. It is atfbrm
where researchers from different domains like lgglo
chemical, physics and nuclear, across Europe workina
common purpose, meet and exchange their views ouga
on-going research activities related to nucleaictmrgy.

The ToxNuc-E presently has around 660 reseasch
registered with their profile, background and acfare-
search interest geographically displaced. Our reke&

based on the proximity value shared by the condectezppjied in this platform to provide these researstk@owl-
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Figure 6: An Extract of Extended Semantic Net-
work Visualised using Graph Editor

At present, we have limited this to a level of Gessions
i.e. only the first 5 level of nodes are added fritn@ proxi-
mal network. The directional flow of the processrés

edge representation tool like ESN which can bezetil in
information retrieval problems of finding limitecha spe-
cific information. Currently, we are experimenting the 3
topics chosen by the researchers as the domainagdrm
research activities. The data and the documents inseur
experimental prototype of ESN are obtained from Tog-
Nuc-E platform. We soon intend to extend our resedo
all of the research fields of ToxNuc-E.

The results of our algorithm have been subjktd test-
ing, by human experts and have been judged to geong-
sults very close to human constructed concept mé&svo
[Rosch, 1978] with reduced time of construction drasb
proved to be very cost effective. Our qualitativeigasured
formative results show that ESN is several timasefawith
a high recall percentage then a human construeteeonk.

Another important feature of ESN is its akilib cus-
tomise to user needs and equally provide resultg clese



to NLP-based indexing methods without much heavyco g5 Acknowledgement
putations i.e. if a user needs specific informatianspecific
subject it is adequate to change the input docusrfentthe
proximal network. Based on these documents thereenti

We would like to use this opportunity to thank #ie re-
searchers of ToxNuc-E platform for providing ushwiheir

network is reconstructed in a time span of 30 naauf his
network can then be combined with the existing s#ina

network. This merged network when used will provide

added relevant information on the topic in question

As an application of our model a documentgifas has
been developed and integrated on the Toxnuc-Eqpiatf
This document classifier uses the ESN knowledgeemtad
classify documents based on their inclination ® 1% re-
search projects that are been piloted by ToxNUuE€E. Ini-
tial testing we selected a set of new publicatibosn the
project Arabidopsis and MSBE. These documents Wene
classified using ESN model. The classifier proviéedout-
put with the domain inclination percentage.

The same documents were then manually clagdskfie
the researchers. We noticed that the results bylassifier
highlighted information about certain documentsohging
to the original domain Arabidopsis showed inclioatito
other domains like MSBE a detail not specified luatid
unless the document is completely read by the UHds
information was seen missed by the manually clieskif
result. The correctness of our classifier resuktseaverified
by the domain experts who manually verified theuoents
and confirmed its inclination to both the projects.
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Figure 7: Document classifier

The principle advantage of our methodologyhwéspect
to the previous work is our innovative hybrid apmb of
integrating machine calculations representing aoximal
network with human reasoning abilities representihg
semantic network built by experts. We use the pegaion
estimated results provided by human expertise be aaf
semantic network and merge them with the machitaica
lated knowledge network from proximal results. We a
now concentrating on developing a search tool baseithe

KR model constructed by us and intend to publisd th

benchmark results of our proposal.

data and useful expertise. We would also like nkhthe

reviewers of this paper for their useful comments.
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